The paper investigates the links between homeownership, employment and earnings for which no consensus exists in the literature. Our analysis is cast within a dynamic setting and the endogeneity of each outcome is assessed through the estimation of a flexible panel multivariate model with random effects. The data we use are drawn from the French sample of the EU Survey on Income and Living Conditions for the years 2004-2013. The error terms are both correlated across equations and autocorrelated. Individual random effects are also correlated across equations. The model is estimated using a simulated maximum likelihood estimator and particular care is given to the initial conditions problem. Our results show that while homeowners have longer employment and unemployment spells, they must contend with lower earnings than tenants upon reemployment. They also stress the importance of unobserved heterogeneity in explaining the transitions on the labour and housing markets, and the relationship between earnings and the latter two. Failure to properly account for this is likely to yield biased parameter estimates.
Introduction
As of 2014, approximately 70% of European households were homeowners 1 (INSEE, 2016 It has been argued (Andrews and Sanchez, 2011 ) that such heterogeneity may partly stem from a wide array of programs and public policies that have been implemented over the years to foster access to homeownership. Programs such as subsidized loans, zero interest loans, reduced down payments, tax deductible mortgage interests, etc. are now widespread. In France, zero interest loans ("Prêts à Taux Zéro"), income tax incentives to stimulate investments in specific geographic areas (so called "Scellier, Duflot, Pinel" schemes) and capital tax abatements on the main residence were all designed to that end.
The rationale for subsidizing homeownership is manifold (Havet and Penot, 2010; Andrews and Sanchez, 2011) . Positive externalities in the form of increased health and fertility, lower crime rates, and increased community involvement are often associated with higher rates of homeownership (see, e.g. Dietz and Haurin, 2003; DiPasquale and Glaeser, 1999; Glaeser and Sacerdote, 2000 , for a summary of the literature). Haurin, Parcel and Haurin (2002) also underline the existence of a positive correlation between homeownership and children test scores, though such a correlation may simply reflect a better environment and geographic stability or the impact of some omitted heterogeneity.
Yet, another strand of the literature has emphasized the potentially negative effects of homeownership on the labor market. What is now conventionally referred to as "Oswald's hypothesis" or "Oswald's conjecture" suggests that higher homeownership may increase the unemployment rate. 2 Indeed, Oswald (1996) suggested that the high unemployment rates observed in OECD countries at the beginning of the nineties were due to increased homeownership. In his original paper, he concluded that an increase of 10 percentage points in homeownership was associated with an increase of 2 percentage points in the unemployment rates. Oswald (1997) additionally suggested that the differences in the unemployment rates across industrialized countries were mainly the consequence of the differences in the levels of homeownership. Finally, he also argued (Oswald, 1999 ) that reducing homeownership through more efficient rental markets would contribute to reducing the unemployment rates in Europe.
Oswald's conjecture was essentially based upon aggregate data on the labour and housing markets of several OECD countries (Oswald, 1996 (Oswald, , 1997 . More recently, Nickell et al. (2005) investigated the relation between unemployment rates and homeownership for a set OECD countries over the period . Their specification also included the lagged value of the unemployment rate, a set of variables that proxied the local employment protection laws, the unemployment benefits duration, country dummies, time dummies, and country specific trends. Their results showed no statistically significant relationship between homeownership and unemployment rate. Coulson and Fisher (2009) used aggregate metropolitan (MSA) data to address the potential endogeneity of homeownership rates. State marginal tax rates were used as an instrument since it is used to compute the mortgage interests deduction. Their results support Oswald's conjecture in that an increase in homeownership rates led to higher individual unemployment probability. The empirical evidence using aggregate data finds the opposite, i.e. higher ownership rates lead to lower unemployment rates.
Several papers have investigated the relationship between homeownership and unemployment using microeconomic data. The main difficulty in this literature arises from the potential endogeneity between homeownership and outcomes of interest. Indeed, individuals who self-select into homeownership may have unobserved characteristics that jointly affect the outcome variable. In addition, homeownership may impact differently the employment probability, the wage rate, the duration of unemployment spells, the reemployment wage, the labor market mobility, etc. Recently, Munch et al. (2006) and Van Vuuren (2016) considered a model of unemployment duration with self-selection into homeownership while distinguishing the local and non-local labour markets. Van Vuuren (2016) considered a structural model in which becoming unemployed might involve a change of status from homeowner to tenant. Both authors estimated reduced form models with unobserved heterogeneity. In addition, Van Vuuren (2016) estimated the parameters of the structural model using indirect inference and a mixed single-spell proportional hazard model. His results showed that the exit rate from unemployment to the local labour market is significantly larger for home owners but not so to non-local markets. The main drawback of single-spells models is that the distribution of the unobserved heterogeneity may not be representative of its distribution in the entire population. This is not innocuous since individuals enter the labour market at different times. Consequently, using single spells to identify the parameters of the distribution of the unobserved heterogeneity may lead to a misspecified model.
In this paper we address some of the issues faced by most analyses based upon individual data. Hence we jointly model homeownership, labour market transitions and earnings in a dynamic framework. The model we estimate incorporates unobserved heterogeneity to account for self-selection into homeownership and employment, and earnings levels. The individual random effects are allowed to be correlated across all equations, just as are the idiosyncratic error terms. In addition, the latter are also allowed to be autocorrelated. The ownership status is instrumented by the going interest rate on the real estate market. The model is estimated using French panel data for the period ranging from 2004 to 2013. Because we observe many transitions both on the labour and housing markets, we model the past selection mechanisms that led to the initial status appropriately. These features allow to circumvent some of the caveats of the aforementioned single-spells studies. The model we use is dynamic and allows to take into account true and spurious state dependence. It also affords to distinguish very different situations in terms of ownership and labour market statuses. For instance, the behaviour of unemployed tenants and owners can be easily distinguished using the past realization of the stochastic processes. It also possible to isolate the behaviour of employed workers according to their residential status. Importatntly, the impact of homeownership on the reemployment earnings is consistently estimated.
The outline of the paper is as follows. The econometric model is presented in section 2. The data set we use is described in section 3. The estimation results are presented in section 4. The last section concludes.
Model Specification
Our empirical analysis focuses on the French labour and housing markets. Housing mobility in France is more or less halfway between Northern Europe (Sweden, Finland, Norway) and the USA, but higher than Germany and Great Britain, and certainly higher than Southern Europe (Spain and Italy) or countries such as Poland and Slovakia (Andrews and Sanchez, 2011) . In 2014, as many as 7.3 million individuals, representing 11% of the entire population, moved into a new dwelling. For the same year, 74% of all moves took place within the same region, and of those 38.2% were within the same city (Levy and Dzikowski, 2017) .
Mobility is intimately related to the occupational status. In 2013, for instance, among all households who had moved at least once during the past four years, 8.2% where homeowners, 20.8% were tenants in subsidized housing, and 48.5% were regular tenants (Delance and Vignolles, 2017) . Average housing tenure was 27.2 years for outright homeowners, 7.5 years for mortgaged homeowners, 13.0 years for tenants in subsidized housing, and only 5.7 for regular tenants (Séverine et al., 2015) . During a typical year, as many as 819,000 transactions are recorded which represents approximately 2.37% of the entire housing stock (Arnold, 2016) .
The labour market in France is also "average" by European standards. Thus while the unemployment rate reached 9.4% in 2017, it was as low as 3.75% in Germany, 4.16% in Norway and 4.34% in the UK, but as high as 11.21% in Italy and 17,23% in Spain. The relatively dynamic French housing market coupled with a relatively high, but fluctuating, unemployment rate provides an adequate environment to investigate the relationship between ownership status, earnings and unemployment. Endogeneity issues require we do this through formal modelling.
The Model
Consider a dynamic model that encompasses (home) ownership status (h), employment (e) and wage rate (w). Let x jit , j ∈ {h, e, w}, denote a vector of characteristics for individual i = 1, . . . n, and where t = 1, . . . , T is a year index. Likewise, let β j and δ j be vectors of parameters associated with observed heterogeneity and past realizations of the endogenous and exogenous variables (δ jk ∈ IR), respectively, for j ∈ E = {h, e, w}.
The latent dependent variable y * jit is given by
for any j ∈ {h, e}, where z j (·) is a vector containing the realizations of the lagged individual outcomes and characteristics. The observed values of the endogenous variables are denoted as y it = (y hit , y eit , y wit ) ∈ {0, 1} × IR.
For individual i at time t, the decision j, j ∈ {h, e}, is a binary variable that can be written as
where 1I [.] is an indicator function equal to 1 if the event between brackets occurs and zero otherwise.
The log of the yearly earnings at time t is
where δ w , β w and z w (·) are defined similarly as above, save for z w (·) which also depends on the contemporaneous value of the ownership status.
Stochastic Specification
The error term, r jit , is written as the sum of a time-invariant outcome-specific unobserved individual component, α ij , and a contemporaneous residual, u jit :
As is customary, the individual effects, α ij , are assumed to be independent of the observable characteristics, x i , to be normally distributed with mean zero and variance σ 2 α j , j ∈ E, and to be independent across i ∈ {1, . . . , n} and j ∈ {h, e, w}.
The contemporaneous error term is further assumed to satisfy the following independence assumptions: u jit ⊥ ⊥ x i , and u jit ⊥ ⊥ u j i t . On the other hand, we allow u jit to be autoregressive (but stationary, for t > 0). 3 Thus we write
where α ij ⊥ ⊥ j it , for all j, j ∈ E, and jit ⊥ ⊥ u j it , for all t < t and j ∈ E. The timedependency allows to measure the impact of a shock at t on individual outcomes at t + 1.
In any dynamic panel data model with random effects and left censoring, the initial conditions much be modelled appropriately. We follow Heckman (1981) and write the initial conditions as a reduced-form specification which allows to correlate the error terms at t = 0 with those at t > 0. Thus write the system of equations at time t 0 as follows:
where x ji0 is the vector of initial characteristics and r ji0 is an error term similarly defined as above (j ∈ E = {h, e, w}). Likewise β 0 j is an appropriately dimensioned vector of parameters (β 0 j ∈ IR p j , where p j ∈ IN * ). The initial error terms are assumed to satisfy the following two assumptions:
As argued by Heckman (1981) , it is likely that r ji0 is correlated with r j it , j ∈ E, for t = 1, . . . , T. Hence, let ρ α j α k denote the correlation between the random effects α ij and α ik , specific to equations j and k, respectively, j, k ∈ E. Let ρ jk denote the correlation between the idiosyncratic terms jit and kit , for all t = 1, . . . , T and i ∈ {1, . . . , n}.
For the two binary equations, y * hit and y * eit , this specification is equivalent to a dynamic probit model with random effects. Additional assumptions must be made to insure the model is identified. Indeed, because the two dependent variables are dichotomous we must normalize the variance of the corresponding residuals as follows:
and var(r ji0 ) = σ 2 j0 = 1, for j = h, e. It can be shown that for j ∈ E, t > 1
Model Estimation
For each individual and time period, we observe the realization of the variables y jit ∈ {0; 1}, for j = h, e, as well as the log-earnings y wit (i = 1, . . . , n and t = 0, 1, . . . , T ). The contribution of individual i to the likelihood function is 4 :
where φ(.; Ω) is the probability density function of the normal distribution with mean zero and variance-covariance matrix Ω. The integration is computed over the error terms r that are compatible with the trajectories of the endogenous variables of individual i:
: r=(r h0 , r e0 , r w0 , r h1 , ..., r hT , ..., r w1 , ..., r wT ) and a jit ≤r jt ≤b jit .
The domain of integration depends on the realizations of the dependent variables, the vector of explanatory variables, and the vector of parameters, θ (see Appendix D). The latter can be estimated by maximizing the logarithm of the simulated likelihood:
where the drawings u h i are specific to the individual i and are i.i.d. (i = 1, . . . , n) (see Appendix E). These are drawn in such a way as to avoid rejection. 5 The main difficulty when making the draws is to account for the fact that the endogenous variables are both qualitative and continuous (Chang, 2009 ). The simulated maximum likelihood estimator of θ can be obtained maximizing the function (10). The SML estimator will be consistent and efficient as √ N H −→ 0 when N −→ +∞ and H −→ +∞ (cf., for instance, Gouriéroux and Monfort, 1991 , 1993 , 1997 Kamionka, 1998; Edon and Kamionka, 2008; Gilbert et al., 2011; Kamionka and Ngoc, 2016) .
In practice, the number of draws is set to H = 30. Several authors have stressed that the SML estimator is near consistent even for relatively a small H (about 30). Indeed, some specifications were estimated for larger values of H without modifying significantly the estimation results (cf. Kamionka and G. Lacroix (2008)).
The Wooldridge [2005] Approach to the Initial Conditions Problem
Naturally, the initial observations at time t 0 do not correspond to the starting time of the data generating process. Hence, the initial state y i0 = (y hi0 , y ei0 , y wi0 ) is clearly not independent of the individual effects α i = (α ih , α ie , α iw ) . Wooldridge (2005) suggests we consider the distribution of the random effects α i = (α ih , α ie , α iw ) conditionally to y i0 and, possibly, on a set of exogenous explanatory variables. When this conditional distribution is normally distributed, and given our previous assumptions about the error terms, the likelihood function boils down to the product of integrals defined over multivariate normal density functions.
In practice, it is reasonable to assume that ownership status, employment and earnings are generated by equations (1) to (3). As above, we assume that the error term u jit follow the same autoregressive structure as in equations (5) and (8). We further assume that the conditional distribution of α ij is a normally distribution:
where λ j0 , λ jh and λ je are some real parameters to be estimated and y i0 =(y hi0 , y ei0 , y wi0 ) . It turns out the constant λ j0 cannot be separately identified from the one embedded in β j . Thus, without lost of generality, we set λ j0 = 0.
denote the vector of unobserved heterogeneity terms, where E ji = α ij 1I T for j ∈ E. As per our previous assumptions, the variance-covariance matrix Ω 1 = var(U i +E i ) is the same as that presented in the previous section. The contribution of individual i to the conditional likelihood function is
where φ(.; Ω 1 ) is the probability density function of a normal distribution with mean zero and variance-covariance matrix Ω 1 . The integration is computed over the set
. . , r hT , . . . , r w1 , . . . , r wT ) and a jit ≤ r jt ≤ b jit .
5 The termp(xi; u
Once again, the domain of integration depends on the realizations of the dependent variables, the explanatory variables and the vector of parameters (see Appendix D). We can estimate the vector of parameters, θ, by maximizing a simulated likelihood function similar to the one defined by the expression (10) using draws u h i = (u h i1 , . . . , u h i3T ) constructed by a method similar to the one presented in Appendix E and by substituting Ω 1 for Ω.
Data
Our data are drawn from the French sample of the EU-SILC data set ( By virtue of its rotating design, the SRCV yields an unbalanced panel. Yet, it is representative of all the regular households living in metropolitan France and contains detailed information on income, living conditions, employment and ownership statuses, wealth, etc. While all individuals over sixteen years of age are surveyed, we restrict our sample to those between 20 and 56 since they are the most likely involved with employment and ownership decisions. This exclusion restriction yields a sample of over 30,077 individuals, and all are observed for at least two consecutive years. Table 1 presents the main characteristics of the sample. The second column focuses on individual characteristics at entry into the panel (t 0 ) while the third column reports the statistics for the initial sample (i.e. in 2004). The second column is thus based on the incoming rotating groups. As time unfolds, the proportion of homeowners decreases by three percentage points (from 57.34% to 54.24%). The initial percentage of homeowners is marginally higher than in the entire population for the same year (56.6%, see Table 2 ). The difference is presumably due to the fact that we exclude seniors among whom there are proportionately fewer homeowners. The employment rate and the level of earnings are almost identical across columns. The incoming groups tend to be slightly more educated as they are proportionately more likely to hold a university degree. Likewise they are fewer to live in Paris, they are naturally younger, and fewer are married.
According to Table 2 , the proportion of homeowners at the national level has remained fairly constant between 2004 and 2013. It is much lower than the European average of 65% (INSEE, 2010) but nevertheless much higher than that in Germany for those years (46%). Two of the main determinants of the ownership status are the going mortgage interest rates and housing prices. Figure 1a depicts the evolution of both variables over our sample period. As shown, the interest rate has decreased by nearly two percentage points, save for the 2006-2008 period during which they increased by one percentage point. 6 As of 2008, the interest rates have decreased steadily until 2015 and by as much as three percentage points from their peak of 5.7%. As expected, housing prices and interest rates are more or less inversely related, save for the period between 2006-2008 during both were increasing. 7 Housing prices have increased by as much as 35% between the first quarter of 2004 and their peak value in 2012. As shown in Figure 1b , the mean monthly duration of contracted mortgages has increased by over 19.9% (from 196 months to 235 months) and follows closely the fluctuations in the interest rate. The fluctuations on the housing market have occurred while the labour market was relatively depressed as the unemployment rates ranged between 7.4% to 10.2%. A lengthy period of observation provides much needed variations in the exogenous variables which help identify the slope parameters of the model. In addition, observing individual households for up to ten years helps identify the nuisance parameters associated with the unobserved heterogeneity components. Finally, the yearly entry of rotating groups within our sample helps identify the parameter estimates of the initial conditions.
Results
Recall that the model we estimate includes three endogenous variables: ownership and employment statuses, equation (2), and earnings, equation (3). The stochastic specification is given by equations (4) and (5). The initial conditions in equation (6) are modelled according to two different approaches proposed by Heckman (1981) and more recently by Wooldridge (2005) . The estimation results for each approach are presented in separate tables. Both tables run over four pages and are organised as follows: The first three pages report the parameter estimates of the ownership, employment and earnings equations, respectively. Each one is separated into three panels that report the slope parameters, the state dependence parameters, and the initial conditions parameters, respectively. The fourth page focuses on the stochastic specification.
Results Based on Wooldridge's Specification
We begin with the specification based on Wooldridge's approach in Table 3. The table presents three different specifications. Specification (1) includes lagged ownership and employment in the contemporaneous ownership and employment equations. Specification (2) adds the lagged yearly mean interest rate in the ownership equation. We estimate separate parameters for owners and tenants. We also include a lagged interaction term between unemployment and ownership in the employment equation. Finally, Specification (3) adds a series of lagged interaction terms between sex, unemployment and ownership in the employment equation.
Ownership Status
We begin our discussion of the results by focusing on each equation in turn. According to the parameter estimates, not surprisingly, married couples are more likely to own their home. This is consistent with a large literature that concludes likewise (see Haurin et al., 1996) . Foreigners are less likely to be homeowners perhaps because they are less likely to inherit a property. More educated individuals are also more likely to be homeowners. This is not surprising since the highly educated have larger expected earnings and can thus more easily obtain a loan. Relative to the 30-39 age group, those in the 40-49 age group are more likely to own their home whereas those in the 50+ age group are less likely so. This is rather surprising but it may indicate that older individuals who do not yet own a house may find it hard to get a loan since retirement may be nearing.
The parameter estimates are consistent with sizeable state dependence: being employed and homeowner in the previous year increases the likelihood of being a homeowner the next. The higher the mortgage interest rate of the previous period the less likely a tenant will become a homeowner the next as expected. Conversely, those who already own a house are not affected in the short run by an increase in the interest rate.
The estimates of the last panel refer to equation (11), i.e. to λ jh and λ je . All estimates are significantly different from zero. In particular, they show that a homeowner at t 0 who becomes a tenant at t is less likely to be a homeowner at a later date. Likewise, an employed homeowner at t 0 who becomes unemployed at t is also less likely to become a homeowner at a later date if he/she became a tenant once unemployed.
Employment Status
The second part of Table 3 focuses on the employment dynamics. Most statistically significant slope parameters have the expected signs. Hence, women are less likely to work, married individuals are more likely so, and so are the more educated. Foreigners are found to be less likely to work, possibly the result of discrimination on the labour market. Employment increases with age until the age of 40-49 then it decreases significantly for those above 50 years of age. This is consistent with the evolution of the observed employment rates by age groups in France. As expected, the employment probability is inversely related to the contemporaneous unemployment rate.
According to the first specification, the employment status is largely state dependent. Indeed, employed individuals at time t − 1 are much more likely to be employed at time t. Past ownership status is also positively linked to the contemporaneous conditional probability to be employed. Past ownership may be informative of the employability of a given individual. Specification (2) investigates the link between current employment and lagged unemployment by homeowners. Homeowners are less likely to be employed if they were unemployed the previous year. The data are thus consistent with previous empirical work according to which homeowners have lengthier unemployment spells. The last specification investigates this further by distinguishing between tenants and owners of different age groups. For a given age group, unemployed homeowners at t − 1 are less likely to be employed than tenants. Thus, irrespective of age, homeowners have longer unemployment spells.
According to the last panel, the initial statuses are very informative of the unobserved heterogeneity distribution. Thus, employed individuals at time t 0 who become unemployed at t have unobserved characteristics that will impede an eventual transition into employment.
Earnings Equation
The next section of Table 3 focuses on the (log) earnings equation. All the slope parameters are consistent with standard human capital results: Women and foreigners earn less, presumably as a result of discrimination on the labour market in both cases, education increases earnings significantly, and age is positively related to earnings.
According to the first specification, homeowners have larger conditional expected earnings of approximately 16%. This is consistent with most of the empirical literature. This result indicates that ownership is informative of the earnings distribution. In other words, it is compatible with the fact that one is more likely to obtain a loan the larger the expected discounted value of the future stream of earnings.
State dependence is once again investigated by including a series of lagged (interacted) variables. Specifications (2) and (3) yield almost identical parameter estimates. These show that unemployed homeowners at t − 1 must contend with lower earnings upon becoming employed at t. Recall that homeowners have longer unemployment spells. The earnings penalty of approximately 6% is consistent with the latter having revised their reservation wage downward. Finally, note that those who are employed at t − 1 may expect an increase in earnings of approximately 7% the following year, irrespective of their ownership status.
In all three specifications, the initial conditions are informative of the unobserved heterogeneity. For instance, an individual who is initially employed and who eventually becomes unemployed faces lower conditional expected earnings relative to someone who was initially unemployed. Similarly, homeowners at t 0 who eventually become tenant will face lower conditional earnings when and if they eventually become homeowners anew.
Stochastic Specification
The last section of Table 3 reports the parameter estimates of the stochastic specification. According to the first panel, the variance of the random effect specific to the ownership status is relatively large, indicating important unobserved heterogeneity among homeowners. The variance of the random effect of the (log) earnings equation is relatively small which suggests there is little (conditional) heterogeneity. Except for Specification 3, there is little unobserved heterogeneity in the employment equation.
The unobserved heterogeneity components specific to the employment and earnings equations, not surprisingly, are positively correlated in all the specifications. Workers are thus a self-selected subset of the population. The same holds for the correlation between the random effects of the ownership and earnings equations in Specifications (2) and (3). Interestingly, we do not observed such correlation between the individual random components of the ownership and the employment equations.
Our specification is flexible enough to model the autocorrelation of the error terms of each endogenous variable. As shown, the error term of the ownership and employment equations are negatively autocorrelated, implying that a negative shock in a given year is likely to affect positively the outcome the following year. Conversely, the error term of the earnings equation is positively and significantly autocorrelated in all three specifications. Finally, our parameter estimates suggests the error terms of all three equations are weakly correlated at best.
Results Based on Heckman's Specification
The model was also estimated using Heckman (1981)'s approach to account for the initial conditions problems. 8 The results are reported in Table 4 . Overall, both approaches yield qualitatively similar results although the slope parameters are more contrasted in the ownership and employment equations under Heckman's approach. For instance, females are found to be less likely to be homeowners, although the marginal effect is relatively small. More importantly, as in Wooldridge's specification, unemployed homeowners are much less likely to be employed next year and they have to contend with significantly lower re-employment earnings.
The parameter estimates of the initial equations are reported in the second panel of the table. Nearly all are statistically significant. Thus education has a positive impact on employment, earnings and ownership. Females and foreigners fare worse on the labour and housing markets. The differential effects of age on each equation is consistent with conventional results. According to our results, as individuals age they are more likely to own a house, reap higher earnings, and retire or face higher unemployment.
The parameters of the stochastic specification are reported in the last panel of the table. Interestingly, the correlations between the initial error terms are large, positive and statistically significant. The cross-correlations between the individual effects are also positive, large and significant. Moreover, the correlations between the initial error terms and the contemporaneous ones are also positive and statistically significant. Unfortunately, the proportion of the covariance of the initial error terms that is due to the unobserved heterogeneity cannot be identified. The results nevertheless suggest that it is rather large. This is confirmed by the estimates of the correlations of the idiosyncratic terms which are all weak and generally not statistically significant, save for the correlation between employment and earnings. Thus, given the observed individual characteristics, those who are observed in a given state at t are more likely to be observed in the same state at t + 1. This follows from the fact that the initial conditions are informative about the distribution of unobserved heterogeneity.
Conclusion
The motivation of this paper stems from the lack of consensus in the literature about the links between homeownership, earnings and unemployment. Conflicting results may arise as a result of failing to properly account for the endogeneity of homeownership and performances on the labour market. In this paper we jointly model homeownership, labour market transitions and earnings. The model incorporates unobserved heterogeneity to account for self-selection into homeownership and employment. Individual random effects are allowed to be correlated across all equations, just as are the idiosyncratic error terms. In addition, the latter are also allowed to be autocorrelated. Our model is very flexible as it does not rely on the usual conditional proportional hazard models (Munch et al., 2006; Van Vuuren, 2016 ).
Our results show that when unemployed, homeowners have longer spells than tenants. On the other hand, they also enjoy longer employment spells, presumably because they face higher mobility costs. While homeowners must also contend with lower reemployment earnings, the "penalty" is relatively small. Perhaps, firms reward them for their greater employment stability. Our results also stress the importance of unobserved heterogeneity in explaining the observed transitions on the labour and housing markets, and the relationship between earnings and the latter two. Failure to properly account for this is likely to yield biased parameter estimates.
Implicit in our analysis is the assumption that homeowners and tenants behave similarly on the labour market. Yet, the search behaviour of homeowners is presumably quite different due to their mobility costs (Beugnot et al., 2018) . In addition, ownership status may be quite sensitive to the present value of future local property tax streams. We intend to address both issues in future research. 
Standard errors of individual effects (α ij ) 
= e x /(1 + e x ) 2 . We obtain, finally, that var(σα h ) = 0.0004. 
A. Identification
Let U ji = (u ji1 , u ji2 , · · · , u jiT ) denote the vector of the error terms for equation j and for periods 1 to T. Let E ji = α ij 1I T for j ∈ E. ThenR i = (U hi , U ei , U wi ) + (E hi , E ei , E wi ) is a vector of residuals for individual i, for all i = 1, . . . , n. Note that 9
where
and where
The variance of the vectorR i is given by the following equation
We have necessarily that 0 < σ 2 α j < 1 since σ 2 α j + σ 2 u j = 1 for all j = h, e. Note that the parameters σ j and ρ j are identified through the correlations between equation j and the time periods 1 . . . T because the latter are identified in a multivariate probit (T ≥ 2). Thus σ u j and σ α j are identified. Finally, κ jk and ρ α j α k are identified through the correlations between equations j and k for t = 1 . . . T . As κ jk is identified, then so is the correlation ρ j k .
Consider now R i = (r hi0 , r ei0 , r wi0 , r hi1 , . . . , r hiT , . . . , r wi1 . . . , r wiT ) . Then R i ∼ N (0, Ω), where
where Ω 00 = V ar . . .
The expressions of these variance-covariance matrices are given in Appendix B. With state dependence it is necessary to consider the potential endogeneity of the initial variables save for the wage equation since it is 9 See Appendix C.
not dynamic and lagged wages are not included in the other equations. These correlations are identified using similar arguments as above. In principle, it would be possible to model the correlations between the error terms of the initial period of equations j (namely r ji0 ) and the error terms specific to the periods t (t > 0) of equation j (j ∈ E). Such a specification would involve an unreasonably large number of nuisance parameters was thus not considered. Our specification of the variance-covariance matrix (A.1) is rather similar to the one used by Hyslop (1999) for the US in a single equation model. 10 Moreover, we consider another method to treat the initial conditions problem that was proposed by Wooldridge (2005, cf. section 2.4). If the two methods yield similar results, then it can legitimately be concluded that assumption of homogeneity of the correlations between r ji0 and r j it is not restrictive.
B. Variance-covariance matrices (Heckman method) 4. We now show that cov(u jt , u kt− ) = ρ j κ. Indeed,
It can similarly be shown that cov(u kt , u jt− ) = ρ k κ = cov(u jt− , u kt ).
D. Domain of Integration
Specification "à la Wooldridge"
The expressions of the boundaries a jit , b jit , for j = h, e given by
For earnings, as we have to consider a continuous variable, taking into account they cannot be observed when the individual is not employed (y wit = ., say), the boundaries are the following ones a jit = −x jit β j − z j (y it−1 , x it−1 ) δ j − y hi0 λ jh − y ei0 λ je , if y jit = 1, b jit = −x jit β j − z j (y it−1 , x it−1 ) δ j − y hi0 λ jh − y ei0 λ je , if y jit = 0, for j = h, e, and 1 ≤ t ≤ T .
Earnings are continuous and are not observed when an individual is not employed (y wit = ., say). The boundaries are thus given by:
a wit = −∞, if y wit = ., b wit = +∞, if y wit = ., a wit = b wit = y wit − z w (y it−1 , y hit ) δ w − y hi0 λ wh − y ei0 λ we , if y wit = ., where 1 ≤ t ≤ T .
E. Simulation of a Contribution to the Likelihood Function
Assume that r ∈ A i (see section 2.3), where A i ⊂ IR 3(T +1) and a ik ≤ r k ≤ b ik , ∀ k = 1, . . . , 3(T + 1). Let L denote the total number of observations per individual (L=3(T +1)).
The contribution of individual i to the likelihood function (9) can be estimated using the expression (see (Geweke, 1991; Hajivassiliou et al., 1992; Keane, 1994; Chang, 2009) :
where u s i = (u s i1 , u s i2 , . . . , u s iL ) is a random draw. S is the number of draws used in the estimation andp is an unbiased simulator of probability Prob[r ∈ A i | x i ; θ], where r is the vector of error terms for a given individual.
Let U = Γ u where Ω = Γ Γ is the Cholesky decomposition of the matrix Ω. The random variable u is a drawn from the distribution N (0 L , I L ) and Γ is a lower triangular matrix. Assume further that Γ = [Γ jk ], so that Γ jk is the j, k element of the matrix Γ (j, k = 1, . . . , L). Moreover, let ζ ik = . For individual i, the draw s is obtained using a vector u s i with length L such that u s i = (u s i1 , u s i2 , . . . , u s iL ) . In order to obtain the expression of the vector u s i each time the likelihood function is computed for a given value of the vector of parameters, we proceed iteratively. Hence, let δ xy = 1 if x = y and δ xy = 0 if x = y. Note that a ik = b ik if and only if the endogenous variable is not censored (we set in this case δ ζ ik ϕ ik = 0). The vector u s i is constructed as follows:
• Letũ s i1 ∼ U (0, 1) and set
• Letũ s i2 ∼ U (0, 1) and assume that where Φ is the cumulative distribution function of the probability density function N (0, 1). We the sequentially obtain all the components of the random draw u s i .
The estimation of an individual contribution to the conditional likelihood function can be computed using the empirical mean of the following terms: where x i is a vector of explanatory variables for individual i (i = 1, . . . , n) and h = 1, . . . , S. φ is the probability density function of the N (0, 1) distribution.
